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Abstract: California has set two ambitious targets aimed at achieving a high level of decarbonization
in the coming decades, namely (i) to generate 60% and 100% of its electricity using renewable energy
(RE) technologies, respectively, by 2030 and by 2045, and (ii) introducing at least 5 million zero
emission vehicles (ZEVs) by 2030, as a first step towards all new vehicles being ZEVs by 2035. In
addition, in California, photovoltaics (PVs) coupled with lithium-ion battery (LIB) storage and battery
electric vehicles (BEVs) are, respectively, the most promising candidates for new RE installations and
new ZEVs, respectively. However, concerns have been voiced about how meeting both targets at the
same time could potentially negatively affect the electricity grid’s stability, and hence also its overall
energy and carbon performance. This paper addresses those concerns by presenting a thorough
life-cycle carbon emission and energy analysis based on an original grid balancing model that uses a
combination of historical hourly dispatch and demand data and future projections of hourly demand
for BEV charging. Five different scenarios are assessed, and the results unequivocally indicate that a
future 80% RE grid mix in California is not only able to cope with the increased demand caused by
BEVs, but it can do so with low carbon emissions (<110 g CO2-eq/kWh) and satisfactory net energy
returns (EROIPE-eq = 12–16).
Keywords: grid mix; California; energy transition; life cycle assessment; EROI; photovoltaic; energy
storage; lithium-ion batteries; electric vehicles; hourly data
1. Introduction
Electricity is increasingly recognised as an essential commodity to ensure the economic
growth, productivity and well-being of modern societies. Ensuring a reliable supply of
electricity is, therefore, of crucial importance. At the same time, it is also commonly
accepted that the ever-growing demand for energy is in large part responsible for the
increasing concentration of carbon dioxide (CO2) in the atmosphere [1]. This awareness
has prompted many countries to approve The Paris Agreement in 2015 and to commit
to the reduction of greenhouse gas (GHG) emissions to the atmosphere [2]. Among the
measures implemented by governments, decarbonizing electricity generation systems has
rightfully taken centre stage.
A shift to renewable energy resources is seen as the most promising strategy to reduce
GHG emissions from electricity, prompting scholars and researchers to better investigate
the energy implications, technical feasibility and environmental impacts of their increased
use [3–9].
Life cycle assessment (LCA) is the de-facto standard method to fully assess the envi-
ronmental impacts and the energy implications related with all the life-cycle stages of the
technologies comprising the electricity grid system.
Analysing the system as a whole is important because the grid’s overall impacts
depend not only on the technologies that comprise it, but also on the location, the specific
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electricity demand profile and the associated requirement for energy storage, as evidenced
in recent analyses [10–17].
In California (USA), the government has established an ambitious plan to generate
60% and 100% of its electricity using renewable energy technologies, respectively, by 2030
and by 2045 [18]. The plan also aims to reach overall 40% and 80% reductions in GHG
emissions by the same years.
Photovoltaic (PV) technologies play a significant role in future energy scenarios where
a high degree of decarbonization is sought [19–22]. At the same time, strong penetration
of renewable energies, and PV in particular, in the electricity grid mix will also require a
parallel increase in the deployment of energy storage systems due to the inherent intermit-
tence of these resources. The interdependence of PV and energy storage for the future of
the California grid mix has been discussed elsewhere by the same authors [23].
In recent years, concerns have begun to emerge about how a rapidly increasing
deployment of electric vehicles (EVs) and the associated additional demand for electricity
could potentially have adverse effects on the electricity grid system, in terms of reduced
stability and reliability of electricity supply, and/or worsening environmental impacts.
Hoaraua and Perez refer to photovoltaic generation and electric mobility as disruptive
technologies for the energy and transport sectors and claim that their interaction poses
challenges that require investigations in a distribution grid [24]. Moon et al. write that an
accurate prediction of the charging demand for EVs is required to ensure the stability of
the power grid that will be required to effectively meet the additional electricity demand
due to EV penetration in the transport sector [25]. Das et al. investigate a scenario for the
future deployment of EVs and their integration with the power grid, analysing a range of
ensuing issues and benefits [26]. Kasprzyk et al. emphasise the challenge of developing
and implementing energy storage technologies to adapt the power grid to the needs of a
growing demand for EV charging [27]. Brinkel et al. analyse the voltage fluctuations in PV
electricity generation due to cloud transients and suggest a strategy to mitigate this effect
based on altering the EV charging process [28]. Cheng et al. found that large-scale use of
battery electric vehicles (BEVs) could actually provide benefits in terms of CO2 emission
reductions at grid level [29]. In addition, Kasprzyk et al. present results according to which
the use of BEVs can reduce energy losses by modifying the shape of the curve for daily
load [30].
However, the literature still lacks high temporal resolution analyses of how future
electricity grids featuring a high penetration of renewables would cope (from a technical as
well as an environmental viewpoint) when called upon to satisfy the combined electricity
demand of a large fleet of EVs plus all other utilities at the same time.
This study aims to fill this knowledge gap by building on a previously published LCA
and net energy analysis (NEA) of the domestic electricity generation mix in California [23]
and extending the scope of analysis to include a range of scenarios of high penetration of
EVs. Consistent with the previous study, a high temporal resolution approach was retained
with regards to all the underlying electricity demand and generation data.
The goal of this new study is thus two-fold: firstly, to verify, with an hourly resolution,
the prospective stability and reliability of the California electricity grid in 2030, assuming
that even larger quantities of renewable energies will be deployed to meet an 80% domestic
renewable electricity generation target, while at the same time satisfying the combined
electricity demand of all pre-existing utilities plus a planned large penetration of EVs
in the transport sector. Secondly, to quantify the 2030 year-end life-cycle environmental
and energy burdens associated with the electricity grid under this new set of scenario
assumptions.
2. Materials and Methods
2.1. Power Dispatch Data
Historical data with 1 h resolution for electricity generation (disaggregated by tech-
nology), power curtailment for wind and PV generators, and electricity imports from
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out-of-state in the year 2018 were collected from the Open Access Same-time Information
System (OASIS) archive of the California Independent System Operator (CAISO) [31].
These data were used as the starting point for the modelling of the future scenarios, in a
similar way as previously described in the parent study [23]. For a detailed discussion of
the individual energy generation technologies comprising the California grid mix, their
expected future trajectories, and the way in which they were modelled, the reader is also
referred to the same study. Specifically for PVs, updated assumptions have been made
here, consistently with the latest literature, as detailed in Section 2.2. In addition, revised
assumptions have been made on purpose-built lithium-ion batteries (LIBs) for grid-level
energy storage, as explained in Section 2.3.
2.2. Photovoltaic (PV) Electricity
Solar photovoltaic (PV) energy has grown rapidly in California in the last 2 decades
to address the clean energy transition challenge. In 2020, the PV power installed capacity
reached approximately 32,870 MW [32], out of which approximately 20% was comprised
by cadmium telluride (CdTe) thin-film installations (personal communication by First Solar,
the leading producer for this technology). The remaining PV technology shares were based
on the latest global production data collected in the Fraunhofer Institute for the solar energy
report, which lead to 28% single-crystalline silicon (sc-Si), and 52% multi-crystalline silicon
(mc-Si).
In this analysis, ground-mounted PV systems were assumed, which were composed
of PV panels and balance of system (BOS), including mechanical and electrical components
such as inverters, transformers and cables, as well as system operation and maintenance.
The same Fraunhofer report also provided the current PV commercial efficiencies,
namely: 20.5% for sc-Si, 18% for mc-Si, and 18% for CdTe [33].
PV systems are still on steadily improving trends, and, therefore, future efficiencies
were taken into account, according to the recent IEA projections [34], as follows: 23% for
sc-Si and CdTe, and 22% for mc-Si.
The lifetime of PV systems was assumed to be 30 years, according to the IEA Photo-
voltaic Power Systems (PVPS) Task 12 guidelines [35].
In terms of material and energy utilization for the production of PV panels, there
has been significant improvement over the years [36,37]. Specifically, as discussed in
Fthenakis and Leccisi, 2021 [37], the main improvements in c-Si PV module production
were associated with: (i) reduced wafer thickness, from 200 µm in 2015 to 170 µm (sc-Si)
and 180 µm (mc-Si) in the 2020 productions; (ii) reduced kerf losses, from 145 µm for
slurry-based sawing to 65 µm in 2020, using diamond cutting, and (iii) reduced electricity
demand in the sc-Si and mc-Si wafer stages, which it was currently 4.76 kWh/m2 (for sc-Si)
and 5.56 kWh/m2 (for mc-Si). According to the latest IEA-PVPS Task 12 LCI report [38],
the current reported silicon demands were 595 g/m2 and 634 g/m2 for sc-Si and mc-
Si, respectively, which were significantly lower than previous estimates (1580 g/m2 and
1020 g/m2) [39].
Accordingly, in this analysis, these most recent datasets have been considered for
the PV system modelling. For c-Si PV modules, the foreground inventory was based on
the latest IEA PVPS Task 12 report [38], and the life-cycle impact results were based on
Fthenakis and Leccisi, 2021 [37]. CdTe PV module data were provided directly by the
leading producer for this technology (First Solar), and life-cycle impacts were based on
Leccisi et al., 2016 [36]. First Solar also provided information on the balance of system
(BOS) for ground-mounted installations, and the same BOS data were also used for the
c-Si technologies. Background life-cycle inventory data were taken from the Ecoinvent
database [40] and adapted to the current geographical production conditions in order to be
as accurate and realistic as possible. Specifically, the main producer country for c-Si PV
panels is currently China, while CdTe is produced in the US. Their electricity grid mixes
were updated according to the latest available information [41].
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PV end of life (EoL) management and recycling were excluded from the analysis
boundary because of the dearth of large-scale recycling facilities on which to base realistic
future estimates for collection rates and large-scale material recovery. However, according
to preliminary studies, the future recycling of PV components may lead to improvements
in energy and environmental performance as well as economic benefits due to the high
value of recycled copper, aluminium, silicon [42,43].
Finally, emerging PV technologies (e.g., single-junction and tandem perovskites) were
not included in this analysis because they are not yet available at an industrial scale.
However, they are expected to become available in the next years, and their penetration
could further reduce the energy and environmental impacts of PV electricity, as estimated
in recent perovskite LCA comparative studies [37,44–46].
2.3. Lithium-Ion Battery (LIB) Energy Storage
In this analysis, lithium-ion batteries (LIB) were assumed because they are considered
to have the largest potential for future development and implementation [47]. They also
show potential benefits in terms of economic cost, charge capability, energy density and
efficiency. A number of different cathode types have been used in Li-ion batteries, with
varying chemical compositions such as lithium manganese oxide (LMO = LiMn2O4),
lithium iron phosphate (LFP = LiFePO4), lithium cobalt oxide (LCO = LiCoO2), lithium
nickel-manganese-cobalt oxide (NMC or NCM = LiNixCoyMnzO2), lithium nickel-cobalt-
aluminium oxide (NCA = LiNiCoAlO2). Among the alternatives, LMO and LFP batteries
are considered the least environmentally critical because they are not based on toxic or
rare metals such as cobalt. An earlier LCA study focused on PV complemented with LIB
storage performed a sensitivity analysis comparing LMO with LFP alternatives [48], and
the results showed small changes in both energy and carbon emissions impacts. Thus, in
this analysis, the model assumes 100% LIB based on LMO cathode composition, which has
been modelled using the Ecoinvent database [40].
A crucial factor to be determined was LIB lifetime because it affects the rate at which
batteries are replaced in a system, which has relevant environmental, energy and economic
implications, as discussed in Peters et al., 2021 [49]. Previous studies reported ranges
between 10 and 30 years for dedicated first-life battery lifetimes and approximately one
full cycle per day [49–53]. Different reported ranges reflect the complexity of estimating the
battery ageing process, which results in a capacity fade and an increase of inner resistance.
In this analysis, a 20-year LMO lifetime has been assumed as a baseline, which is the
average of previous estimates (this value may still be considered conservative for future
scenarios since battery lifetime is expected to increase further). To address the uncertainty
on this critical parameter, a sensitivity analysis has been performed, considering a lifetime
range from 10 to 30 years.
2.4. Additional Electricity Demand for EVs
California state policies for the reduction of CO2 emissions are comparatively aggres-
sive, and executive order B-48-18 established a target of 5 million Zero Emission Vehicles
(ZEVs) by 2030, while executive order N-79-20 established that 100% of in-state sales of
new passenger cars and trucks shall be zero-emission by 2035. Given that battery elec-
tric vehicles (BEVs) are widely regarded as the most promising ZEV technology in the
medium-to-long term, in this study, the simplifying assumption was made that all future
light-duty ZEVs in California will be BEVs. Based on executive order B-48-18, it was then
estimated that the whole California light-duty vehicle (LDV) fleet in 2030 would include at
least 5 million BEVs, and that, in more ambitious scenarios for the same year, the number
of light-duty BEVs could possibly be as high as 10 million (cf. Section 2.5).
The California Energy Commission is the primary state agency responsible for manag-
ing and developing the electricity grid and for planning the energy policies in California.
The commission uses various data resources to forecast and assess the energy demand and
to create the energy system for the future to guarantee prosperity for the nation. One such
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source of data is the California Vehicles Survey, which is used to assess current and future
vehicle ownership in California in the residential and commercial LDV sectors, subdivided
into 13 vehicle segments by size and type, ranging from subcompact cars to full-size vans.
It was assumed that the overall LDV fleet data reported in the survey for the years
2015–2017 [54], in terms of segment composition and kilometres travelled per year by each
vehicle within each segment, will also apply to the BEVs that will form part of the fleet
in 2030, with the further assumption that the total number of BEVs will be equally split
between the residential and commercial sectors.
Further, Kiani et al. reported that 87% of the total distance travelled by a BEV in
California was typically for intracity trips (i.e., within a city), while only 13% was for
intercity travel (on highways) [55]. Assuming that these percentages will still hold for 2030,
they were then combined with fuel economy information deducted from Jung et al. [56],
who linearly correlated BEV mass and electricity consumption under highway and city
driving conditions and the average BEV mass within each segment, which was extracted
from the 2018 EPA Automotive Trends Report [57]. This enabled the calculation of the
cumulative demand for electricity for the entire BEV fleet in 2030.
The 2015–2017 California Vehicles Survey also provided an additional questionnaire
for residential and commercial BEV owners, where it was asked to select a time in the
morning, in the afternoon, in the evening and in the night on a typical weekday when they
would normally charge their vehicles’ batteries [54]. Based on the resulting charging times
data, it was thus possible to create a typical daily BEV charging profile with an hourly
resolution, which was assumed to apply equally to all days of the year (specific information
on vehicle charging at weekends and bank holidays was not available). This charging
profile was then used to calculate the hourly power demand for all BEVs in 2030.
For full transparency, all the detailed data and calculations on BEVs are reported in
the Supplementary Materials.
Finally, the manufacturing, maintenance and end-of-life treatment of BEVs were
excluded from this assessment since they fell outside of the intended scope of the study,
which focuses on quantifying the life-cycle environmental and energy burdens associated
with California’s domestic electricity supply, under a range of scenarios characterised by
varying degrees of penetration of BEVs.
2.5. Definition of Future Scenarios for 2030
The total California in-state generation in 2018 was 165 TWh, to which non-renewable
energy technologies contributed by 50% (out of which 39% was gas and 11% nuclear), and
renewables comprised the remaining 50% (16% PV, 15% hydro, 10% wind, 5% geothermal,
3% biomass and 1% Concentrating Solar Power (CSP)).
As discussed in Raugei et al., 2020 [23], PV may be expected to be singularly relied
upon to raise the share of renewable energy generation in the California domestic grid mix
to 80% by 2030, with a parallel growth in energy storage. In addition, by 2030, it is expected
that all nuclear reactors will have been decommissioned and that gas-fired generation will
be curbed, in accordance with the government’s plan to minimise GHG emissions. Even so,
gas-fired electricity will continue to play an important role as a dispatchable technology to
follow the demand profile and to help compensate for the intrinsic intermittency of wind
and solar energy. The generation profiles for hydro, biogas, biomass, geothermal, wind
and CSP are instead assumed to remain the same as in 2018.
Five future scenarios for California in 2030 have been considered in this study.
The first one, referred to as “BAU” (business as usual), is a counterfactual with no pen-
etration of BEVs. In this scenario, the total annual electricity demand is expected to remain
at 226,342 GWh (i.e., the same as in 2018). The high temporal resolution grid balancing
model (cf. Section 2.6) then indicated that the 80% domestic renewable energy generation
target (%RE target) could be achieved with approximately 43,000 MW of installed PV
power and 154,000 MWh of LIB storage capacity, i.e., equal to 60% of the PV power for
6 h. For a 100-MW PV system with an inverter loading ratio = 1.3, the inverter size must
Energies 2021, 14, 5165 6 of 18
be 77 MW AC (100 MW/1.3). Using the inverter/storage size ratio (1.67) suggested by
NREL [58], the storage power capacity must be 46 MW AC (77/1.67). Thus, to match a
100-MW PV system, the storage power capacity must be 60 MW DC (46 × 1.3). This also
leads to 2.5% of the total variable renewable energy (VRE) generation being curtailed in
this first scenario.
In the second scenario, named “Low BEV”, 5,000,000 BEVs are assumed to be present
in the LDV fleet by 2030, and the total annual electricity demand is thus increased by 12%,
to over 250,000 GWh. In this scenario, approximately 50,000 MW of installed PV power
with 6 h of dedicated storage capacity would suffice to meet the same 80% RE target, but a
4.5% VRE curtailment would ensue.
The third scenario, named “High BEV”, sees the number of BEVs in the fleet rise to
10,000,000, and the total annual electricity demand grows further to over 280,000 GWh. In
this scenario, over 60,000 MW of installed PV power with 8 h of storage would be required
to meet the 80% RE target while at the same time preventing %VRE curtailment from
increasing to unacceptable levels (with this combination of PV power and storage capacity,
%VRE curtailment is limited to 2%).
The fourth scenario, named “High BEV DSM”, was the same as the third one, except
for a new assumption being introduced about the BEV charging pattern. In this scenario, the
latter is supposed to be demand-side managed (DSM) to mitigate the associated electricity
demand during the night and redistribute it to the central hours of the day, the goal,
of course, is to reduce the mismatch between BEV-induced demand and PV generation.
Figure 1 shows the two daily EV charging patterns, the first one (continuous line) based
on historical data (cf. Section 2.4) and the second one (dashed line) “flattened” by DSM.
In this scenario, the 80% RE target could be met with only slightly increased installed PV
power but significantly reduced deployment of dedicated LIB storage (6 h instead of 8 h);
the ensuing %VRE curtailment would, however, be marginally higher at 4.4%.
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Finally, the fifth scenario, named “High BEV DSM + V2G”, is a variation on the fourth
one, in which vehicle-to-grid (V2G) technology is assumed to be rolled out, to supply a
quarter of the total storage capacity. This enables energy to be pushed back into the power
grid from the batteries of EVs when the latter are connected for charging. This would allow
reverting to the same installed PV power as in the “High BEV” scenario, and, significantly,
to further reduce the number of purpose-built LIBs, while still ensuring the availability
of the same 6 h of total storage depth. In this scenario, the overall %VRE curtailment
would drop to 2.0%. Furthermore, a parametric analysis was carried out to evaluate the
additional degree of battery cycle ageing that this level of V2G engagement would cause to
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the BEV fleet. Assuming that only half of the BEVs in the fleet (i.e., 5,000,000 units) would
participate in the V2G scheme, and based on an average battery capacity of 112 kWh, the
resulting mean V2G battery utilization rate would be 13.6% (increasing to 27.2% if only a
quarter of the BEVs participated). These results indicate that this level of V2G engagement
is not likely to be detrimental to the service life of the EV batteries. Accordingly, a simple
cut-off rule was adopted in the model, whereby the energy and environmental impacts
associated to the manufacturing of the EV batteries were entirely attributed to their primary
function of providing traction energy storage to the vehicles (and, therefore, the secondary
V2G energy storage function is assumed to be impact-free).
Table 1 reports the key parameters that define the five analysed scenarios as described
above.
Table 1. Key parameters defining the five analysed scenarios for California in 2030.



















1 BAU 0 226,342 42,857 6 154,285 0 2.5%
2 Low BEV 5,000,000 254,545 53,305 6 191,898 0 4.5%
3 High BEV 10,000,000 282,749 63,646 8 305,500 0 2.0%
4 High BEVDSM 10,000,000 282,749 64,606 6 232,582 0 4.4%
5 High BEVDSM + V2G 10,000,000 282,749 63,646 6 229,126 76,374 2.0%
Table 2 reports the resulting composition (net generation post-curtailment and storage)
of the domestic California grid mix in 2030, in the five analysed scenarios.
Table 2. Technology shares (net generation post-curtailment and storage) of the domestic California
grid mix in 2030, in the five analysed scenarios. All values rounded to the nearest 1%.
Technology BAU Low BEV High BEV High BEVDSM
High BEV
DSM + V2G
PV 52% 56% 59% 58% 59%
NGCC 20% 20% 20% 20% 20%
CSP 1% 1% 1% 1% 1%
Geothermal 4% 4% 3% 3% 3%
Biomass 1% 1% 1% 1% 1%
Biogas 1% 1% 1% 1% 1%
Hydro (run-of-river) 2% 1% 1% 1% 1%
Hydro (reservoir) 11% 9% 8% 8% 8%
Wind (on-shore) 8% 7% 6% 7% 6%
2.6. Grid Operation Model
From a modelling perspective, consistently with a previous study by the same au-
thors [23], the following approach and assumptions were adopted here to model the future
California electricity grid mix in 2030 in all scenarios:
1. The total hourly demand profile in 2030 for Scenario 1 (i.e., with the exclusion of the
additional demand for EVs) was assumed to be the same as in 2018. This extrapolation
is supported by the data for the past 19 years [31].
2. The potential variations in electricity demand, in terms of both hourly profile and total
year-end cumulative value, due to the large-scale deployment of BEVs in Scenarios 2
to 5 were estimated separately, as described in Section 2.4.
3. Natural gas combined cycle (NGCC) output and electricity imports were assumed
to be used, in synergy with LIB energy storage, to balance the hourly supply and
demand curves. The hierarchical dispatch order depends on whether, at any given
time, fully tapping the total potential PV generation would lead to an over- or an
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under-supply of electricity, vs. the demand curve. The grid balancing model relies on
hourly resolution data. As such, it may fail to capture shorter-term, higher-frequency
mismatches between supply and demand. However, these were not deemed to be
large enough to significantly affect the overall reliability of the results. Specifically:
(a) When excess PV power is available, curbing gas-fired electricity is the preferred
option, as this achieves the largest reduction in carbon emissions since NGCC
have the highest carbon intensity of all the technologies in the domestic grid
mix and is also higher than the average grid mix of technologies used for the
production of imported energy in California [59]. Then, if necessary, after
cutting NGCC output all the way down to zero, electricity imports from out of
state can be cut. Thirdly, if the residual potential PV output still leads to an
over-supply of electricity, the excess PV electricity can be routed into storage,
as long as neither the maximum storage power (P) nor the available residual
storage capacity (E) is exceeded. Finally, PV curtailment would occur as a last
resort.
(b) Conversely, when not enough PV power is available (e.g., at times of increased
demand for EV charging and reduced solar irradiation), the first strategy is
to tap the available battery storage (which, however, is once again limited
in terms of maximum power throughput, P). NGCC are then called upon to
supply the balance, as long as doing so does not exceed the available NGCC
installed power. Finally, in the rare instances when the latter condition cannot
be met, the remaining demand deficit is met by increasing imports. This
reversed order of dispatch is chosen to avoid potentially problematic surges in
demand for imported electricity, which may be problematic or costly to fulfil.
It is noteworthy that the data collected and analysed in this study show that in
California, the electricity supply-demand mismatch is potentially more pronounced in
the spring months rather than, as might have been expected, in the summer. This is
explained by fact that the increased electricity demand for air conditioning in the hotter
summer months tends to occur at times of maximum insolation, and hence PV output, thus
improving the match between supply and demand. Figures 2–5 illustrate the sum of the
contributions of the individual electricity generation profiles and the demand for the month
of April, taken as a worst-case of supply-demand mismatch, for the considered scenarios.
From bottom to top: green line = other renewables (i.e., the sum of hydro, biogas, biomass
and geothermal); blue line = wind; yellow line = solar (PV + CSP) potential pre-storage and
curtailment; grey line = demand profile excluding EV demand; black line = total demand
profile.
2.7. Methods of Analysis
2.7.1. Life Cycle Assessment (LCA)
Life cycle assessment (LCA) is a widely applied method to assess the environmental
impacts of products and processes. It takes into account all the life cycle, including raw
material extraction, transport, manufacturing, use, and end of life. It has a high degree of
standardization [60,61], and it benefits from well-established inventory databases, such as
Ecoinvent [62], which has been used here for this assessment.
The LCA method enables the calculation of a large number of impact indicators;
this paper focuses on the calculation of the global warming potential (GWP), using Inter-
governmental Panel on Climate Change (IPCC)-derived characterization factors with a
time horizon of 100 years and expressed in units of kg of CO2-equivalent for all gaseous
emissions with the exclusion of biogenic CO2.
In addition, the cumulative energy demand (CED) and the non-renewable cumulative
energy demand (nr-CED), which are life-cycle energy metrics to, respectively, quantify the
total amount of primary energy directly and indirectly harvested from the environment
per unit of electricity output, and the non-renewable share thereof, are calculated here, and
the results are expressed in MJ of oil-equivalent per kWh (or per MJ) of electricity [63].
Energies 2021, 14, 5165 9 of 18
Finally, the life-cycle primary-to-electric energy conversion efficiency of the whole
grid mix (ηG) is equal to the reciprocal of its CED:
ηG = 1/CEDG (1)
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2.7.2. Net Energy Analysis (NEA)
Net energy analysis (NEA) [64] provides a method to quantify the amount of energy
“profit” from th point of view of the end-user, and its main indicator is the energy return
on (energy) investment [65], defined as follows:
EROI = Out/Inv (2)
However, NEA does not ave a high degree of standardisation, a d this has led to
many inconsistent comparisons [66,67].
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In this study, in order to integrate the LCA and NEA approaches [10,12,13,15,17],
when the EROI of electricity is calculated, all the energy investments at the denominator
are accounted for in terms of their respective life-cycle CED, and they are expressed in
units of oil-equivalent.
When the EROI numerator is measured as the amount of electricity delivered, a
subscript “el” is used (i.e., EROIel). Alternatively, when the EROI numerator is expressed
as “primary energy equivalent”, a subscript “PE-eq” is used (i.e., EROIPE-eq), where:
EROIPE-eq = EROIel/ηG (3)
It is noteworthy that the values of EROIel and EROIPE-eq become closer and closer as
the primary-to-electric energy conversion efficiency of the grid mix as a whole improves.
This is consistent with the replacement logic that underpins the definition of “primary
energy equivalent”; in fact, asymptotically, if a grid mix is achieved ηG = 1, then one unit
of electricity would be equivalent to one unit of primary energy.
3. Results and Discussion
3.1. Impacts per Unit of Electricity Delivered in 2030
The main LCA results are shown in Figures 6 and 7, respectively, in terms of GWP
and nr-CED per kWh of electricity delivered by the California domestic grid mix in 2030,
according to the five scenarios defined in Section 2.5.
Comparing across the five scenarios shows that the chosen grid adaptation strategy to
cope with the increased electricity demand due to BEVs, based on ramping up PV installed
power and LIB battery storage, is not only technically effective at ensuring the continued
matching of the total hourly demand profile (regardless of the specific number of BEVs
or their charging pattern), but it also manages to do so without any appreciable adverse
effect in terms of carbon emissions or non-renewable primary energy intensity. It is also
noteworthy that despite the grid mix being heavily tilted towards PV (which represents
between ~50 and ~60% of the total net generation in all scenarios), the largest contribution
by far (~80%) to both types of impact is still caused by gas-fired electricity (which is called
upon to deliver ~20% of the total electricity). Conversely, LIBs are only responsible for a
very minor share of the total impacts, even in the “High BEV” scenario in which they are
required in the largest quantity.
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Further, Figure 8 shows that the overall life-cycle primary-to-electric energy conversion
efficiency of the whole gri mix (ηG) is also remarkably stable across all scenarios, with,
in fact, a very slight improvement in those scenarios with the larg st pen tration of BEVs.
This latt r effect is a direct c nsequence of the further incre se in PV’s shar of the total
net generation (see Table 2), and it happens in spite of the increased dem d for stor ge.
It is worth no i g that those proj cted life-cycle grid efficiencies v lues a e about 1.5 to
2 times high r than the current values for California and for most other c mmonly assumed
el ctricity mixes based on thermoelectric technologies [12,13,37,68].
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additional primary energy invested along the supply chains (e.g., to manufacture and
maintain the PV systems, and to extract and deliver the natural gas and to manufacture
and maintain the NGCC power plants). From this point of view, the impacts of PVs and
LIBs are then much larger, and in fact, when considered together, they represent the largest
relative contribution (~50%) to the total energy investment.
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Figure 9. Primary energy investment required per kWh of electricity supplied by the domestic grid,
with contributions by technology.
Given the relatively large contribution of LIBs to the primary energy investment per
k h of electricity, a sensitivity analysis was performed on these results, by altering the
assumed lifetime of the purpose-built battery packs designed for grid storage applications
to cover a range from a minimum of 10 years (worst case) to a maximum of 30 years (best
case), as discus ed in Section 2.3. This leads to a corresponding range of EROIPE-eq values
for each scenario, as il ustrated in Figure 10, where the square symbol indicates the value
resulting from the “baseline” lifetime as umption of 20 years.
Despite the increased sensitivity of the NEA indicators to the differences between the
individual scenarios, and to the underlying assumption on battery lifetime, it is, however,
important to always keep the necessary sense of proportion when interpreting these results,
too. In fact, here too, the main message has to be that, irrespective of the exact EROIPE-eq
value (which may range from ~12 to ~15.5 depending on the specific BEV deployment
scenario and LIB lifetime), the California domestic gid mix in 2030 can still be expected to
be characterised by a reassuring net energy performance.
3.2. Cumulative Impacts, Including Operation of 10 Million LDVs, in 2030
After finding how the carbon and energy performance of the future domestic electricity
supply mix in California is unlikely to be significantly affected by the increased demand
caused by a large-scale deployment of electric vehicles, it was deemed important to also
look at the cumulative impacts occurring in the year of analysis across all five scenarios.
The purpose of this second comparison was to highlight the extent of the benefits brought
about by the replacement of internal combustion engine vehicles (ICEVs) with EVs while
changing the functional unit of the assessment to the total electricity delivered by the
California domestic grid, plus the use phase of a fleet of 10 million LDVs. In order to do
so, the use-phase carbon emissions of ICEVs were estimated on the basis of the 2020 EPA
Automotive Trends Report [69], which provides CO2 emission data per vehicle type under
highway and city driving conditions.
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The resulting cumulative GHG emissions and demand for non-renewable primary
energy are illustrated in Figures 11 and 12, respectively. As can be seen, the replacement
of 5 million (in the “Low BEV” scenario) and 10 million (in all the “High BEV” scenarios)
ICEVs with corresponding numbers of BEVs leads to significant reductions in both types
of impact (respectively, approximately −30% and −60%), in spite of the ensuing increase
in electricity demand. This indicates that BEVs do represent an effective strategy to curb
carbon emissions and reduce California’s dependency on non-renewable energy resources.




Figure 9. Primary energy investment required per kWh of electricity supplied by the domestic 
grid, with contributions by technology. 
Given the relatively large contribution of LIBs to the primary energy investment per 
kWh of electricity, a sensitivity analysis was performed on these results, by altering the 
assumed lifetime of the purpose-built battery packs designed for grid storage applications 
to cover a range from a minimum of 10 years (worst case) to a maximum of 30 years (best 
case), as discussed in Section 2.3. This leads to a corresponding range of EROIPE-eq values 
for each scenario, as illustrated in Figure 10, where the square symbol indicates the value 
resulting from the “baseline” lifetime assumption of 20 years. 
 
Figure 10. Energy return on investment (EROIPE-eq) of electricity supplied by the domestic grid, 
with sensitivity analysis to Li-ion battery lifetime (baseline = 20 years, worst case = 10 years, best 
case = 30 years). The PE-eq conversions are based on the grid efficiencies reported in Figure 5 
(~0.7). 
Despite the increased sensitivity of the NEA indicators to the differences between the 
individual scenarios, and to the underlying assumption on battery lifetime, it is, however, 
important to always keep the necessary sense of proportion when interpreting these re-
sults, too. In fact, here too, the main message has to be that, irrespective of the exact 
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with sensitivity analysis to Li-ion battery lifetime (baseline = 20 years, worst case = 10 years,
best case = 30 years). The PE-eq conversions are based on the grid efficiencies reported in
Figure 5 (~0.7).
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4. Conclusions 
This paper presents the results of a prospective assessment of the future carbon in-
tensity and energy performance of electricity generation in California, based on a novel 
approach that leverages detailed historical hourly power dispatch data, combines them 
with key assumptions based on current grid decarbonization policy and electric vehicle 
deployment, and feeds them to a bespoke grid balancing algorithm to calculate the re-
quired amounts of PV energy and battery storage to ensure the stable operation of the 
grid. The grid’s ensuing carbon intensity and demand for non-renewable primary energy 
are then calculated using the latest life-cycle inventory data on all the technologies that 
comprise it (with suitable assumptions on their future trajectories). Results have shown 
that a future 80% renewable grid mix in California may not only be expected to be able to 
cope with the increased demand caused by a significant increase in electrical mobility, but 
also to do so with remarkably stable environmental and net energy performance, irrespec-
tive of the specific assumptions on the number of electric vehicles, their charging pattern, 
and on battery lifetime. In addition, the assessment of the operation of the entire domestic 
electricity grid plus a fleet of 10 million light-duty vehicles in 2030 has shown incontro-
vertibly that replacing internal combustion engine vehicles with electric vehicles, while at 
the same time decarbonizing the grid mix by ramping up PV and battery storage, is a very 
effective combined strategy to significantly curb California’s cumulative carbon emissions 
and non-renewable primary energy demand. 
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